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Abstract: Restriction site-associated DNA sequencing (RADseq) and its derived protocols, such as
double digest RADseq (ddRADseq), offer a flexible and highly cost-effective strategy for efficient plant
genome sampling. This has become one of the most popular genotyping approaches for breeding,
conservation, and evolution studies in model and non-model plant species. However, universal
protocols do not always adapt well to non-model species. Herein, this study reports the development
of an optimized and detailed ddRADseq protocol in Eucalyptus dunnii, a non-model species, which
combines different aspects of published methodologies. The initial protocol was established using
only two samples by selecting the best combination of enzymes and through optimal size selection
and simplifying lab procedures. Both single nucleotide polymorphisms (SNPs) and simple sequence
repeats (SSRs) were determined with high accuracy after applying stringent bioinformatics settings
and quality filters, with and without a reference genome. To scale it up to 24 samples, we added
barcoded adapters. We also applied automatic size selection, and therefore obtained an optimal
number of loci, the expected SNP locus density, and genome-wide distribution. Reliability and
cross-sequencing platform compatibility were verified through dissimilarity coefficients of 0.05
between replicates. To our knowledge, this optimized ddRADseq protocol will allow users to go
from the DNA sample to genotyping data in a highly accessible and reproducible way.
Keywords: SNP; SSR; next generation sequencing; genotyping by sequencing
1. Introduction
Efficient plant genome sampling, with sufficient and informative genetic markers, plays a key
role in breeding, conservation, and evolution studies. In recent decades, researchers have developed
different types of useful molecular markers, although nowadays SNPs have become the markers
of choice. This selection is based on their high abundance in genomes, stability, co-dominance,
and automation of the genotyping process [1].
SNP arrays are high-throughput and cost-effective tools, with the extra advantage of generating
relatively reduced amount of missing data. These features make them one of the most popular
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genotyping tools for major crops and forest tree species. However, the development of a novel SNP
array is costly, making them unaffordable for non-commercial plant species. Restriction site-associated
DNA sequencing (RADseq) [2], genotyping by sequencing (GBS) [3], and their derived protocols
(reviewed in [4] and [5]) are techniques that have recently emerged as promising genomic approaches
for SNP discovery at a genome-wide scale. They are based on reduced representation sequencing
of multiplexed samples, do not require a reference genome or previous polymorphism knowledge,
and combine marker discovery and genotyping in a one-step process. Thus, they provide a rapid,
high-throughput, and cost-effective strategy for carrying out multiple genome-wide analyses for
several non-model species and germplasm sets.
These approaches involve digesting the DNA with restriction enzymes and then sequencing a
specific size-selected range of generated fragments. Aiming to ameliorate some of the weaknesses
of the original RADseq, specifically with regard to the dependence of the length of the generated
fragments on random shearing effects [5,6], researchers have developed many derived methodologies,
including 2b-RADseq [7], ezRADseq [8] and ddRADseq [9]. Double-digest restriction site-associated
DNA sequencing, or ddRADseq, uses two different restriction enzymes to cut the DNA: one rare cutter
(i.e., an enzyme with a large recognition site) and a frequent cutter. Only the fragments falling between
both restriction sites and within a specific size range are sequenced [6]. This reduces the depth of
sequencing needed to reach optimal coverage, as well as the percentage of missing data, in comparison
with RADseq.
The original ddRADseq protocol was built and trained based on animal data, and it has been
widely applied in SNP marker development and genotyping for several species in this kingdom.
Applications of this technology to plants have been reported [10–14], especially in forest and fruit
trees (reviewed in [15]), and were specifically improved [16,17]. However, most researchers still use
universal default protocols that carry some limitations. Because of the diversity and complexity of
plant genomes, the different steps of the ddRADseq protocol require revision to achieve better results
in non-model plant species. The steps that would need revision include the selection of the pair of
restriction enzymes, the determination of the optimum size range, the suitability and performance of
the sequencing platform, the sequence depth, and the variant calling strategy. Moreover, because this
could involve testing steps, the development of an optimized protocol for setting up the methodology
in a small number of plant samples is mandatory, mainly for labs with low budgets.
A collateral application of this Next Generation Sequencing (NGS) technique in plants is the
cost-effective discovery of other genetic variants like polymorphic SSR loci [18,19]. SSRs have numerous
uses, including linkage map development, quantitative trait locus (QTL) mapping, marker-assisted
selection, cultivar or clone fingerprinting, and population structure and genetic diversity studies,
among others [20].
For Eucalyptus, several genotyping platforms, such as the recent SNP array EUChip60K [21], have
been developed [22,23]. However, some species, such as the important forest species Eucalyptus dunnii
Maiden (hereafter E. dunnii) are less represented in this case.
The present study involves the development of an optimized and lower-cost ddRADseq protocol
in E. dunnii through the setting up of a small number of samples. This optimized protocol may be
easily applied to any plant species. Additionally, this study presents the scaling up of the first protocol
to a second one, which allows its application to a larger number of samples. To our knowledge, to date
this is the most comprehensive and detailed ddRADseq report allowing users to optimize the protocol
from the DNA sample to the molecular marker data in an easy and accessible way.
2. Materials and Methods
2.1. Plant Material and DNA Extraction
A ddRADseq derived protocol was optimized and applied on two samples of E. dunnii (A and B),
and subsequently scaled up to another 24 samples (1 to 24). The samples belong to the INTA
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Eucalyptus breeding program (Supplementary Table S1). Fresh young leaves were collected, dried in a
freeze dryer (Labconco Corporation, Kansas City, MO, USA) and conserved in silica gel until DNA
extraction. Genomic DNA (gDNA) was extracted from the lyophilized leaves following the CTAB
method described by Hoisington et al. [24] with modifications for E. dunnii species as described in
Marcucci et al. [25]. Their quality was verified by Nanodrop (Thermo Fisher Scientific, Waltham, MA,
USA) and agarose gel electrophoresis analysis. DNA was quantified using a Qubit 2.0 fluorometer
(Thermo Fisher Scientific).
2.2. Evaluation of Enzymes and Size Selection Range
Several in silico digestions of E. grandis v2.0 reference genome (available on Phytozome https:
//phytozome.jgi.doe.gov/pz/portal.html, [26]) were performed to assess both the optimal set of restriction
enzymes for the E. dunnii genome and the number of DNA fragments to be recovered by different
size selections [9,15]. Simulations were performed with SimRAD package [27]. The evaluated
restriction enzyme combinations PstI-MspI and SphI-MboI were selected based on the studies of
Peterson et al. [16] and Scaglione et al. [28], respectively. In addition, different size selections were
evaluated to achieve between 1e4 to 5e4 fragments in an optimal size selection window of 50 to 100
base pairs (bp), as suggested by Peterson et al. [9], or even of 150 bp. The average insert size was set
from 295 to 420 bp, which led to a final library size range between 350 and 600 bp. This size range is
suitable for bridge amplification in Illumina platforms and allows minimum overlapping of Paired
End (PE) Run reads of 150 bp or longer.
The insilico.digest routine was applied for both enzyme combinations and the adapt.select routine
was used to simulate the amplification of the fragments with both enzyme cutting site endings. Finally,
size.select was used to select different subpopulations of fragments per digestion. For double digestion,
the considered means were of 320, 370, 420 bp, with two window widths simulating manual (agarose
gel electrophoresis, 100 or 150 bp) and automatic selection (by SAGE ELF, 70 or 140 bp, for one or two
elution wells). Subsequently, in vitro E. dunnii gDNA digestions were run by using reaction conditions
described elsewhere [28]. The profile of the obtained fragments was visualized in agarose gel (Figure 3
of the Supplementary File S1) and capillary electrophoresis in a 5200 Fragment Analyzer System
(Advanced Analytical Technologies, Inc., Santa Clara, CA, USA) using the DNA high sensitivity kit
(Agilent Technologies, Santa Clara, CA, USA). Supplementary File S2 contains the SimRAD command
lines used for the simulation.
2.3. Protocol 1 (P1): Optimized ddRADseq
Digestion: For samples A and B, 150 ng of each gDNA was completely digested using SphI-HF and
MboI (2.4 U per enzyme, New England Biolabs (NEB), Ipswich, MA, USA), and incubated at 37 ◦C for
90 min. The reaction was inactivated at 65 ◦C for 20 min and purified with 1.5 volumes (×) of Ampure
XP bead (Beckman Coulter, Brea, CA, USA) [28]. At this point, the complete digestion of gDNA was
assessed by electrophoresis in a Fragment Analyzer System (Advanced Analytical Technologies, Inc.).
A homogeneous distributed fragment population shorter than about 3 kb was expected.
Ligation: The common adapters (double-stranded oligonucleotides) published by Peterson et al. [16]
were used (Supplementary Table S2). Specifically, Adapter 2 (A2) had a “Y” form for the specific
amplification of fragments with different cut site endings. Adapter 1 (A1) and A2 were modified
by changing their sticky ends for SphI and MboI, respectively. The final ligation was done using
2 pmol and 5 pmol of A1 and A2, respectively, and 2.4 Weiss units of T4 DNA ligase (Invitrogen,
Carlsbad, CA, USA). This final selection was based on the following tests: A1 and A2: 2 and 5 pmol
similar to Scaglione et al.’s protocol [28], 2 pmol of both adapters, as reported by Elshire et al. [3],
and 0.1 and 15 pmol, as reported by Peterson et al. [16]. The reaction was incubated for 1 h at 23 ◦C,
followed by an additional incubation for 1 h at 20 ◦C; finally, the reaction was inactivated for 20 min
at 65 ◦C [28]. A1 × Ampure XP bead purification per sample was done before performing PCR
(Polymerase Chain Reaction).
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PCR: The dual-indexed primers designed by Lange et al. [29] (Supplementary Table S2) were
used for the reactions. The oligonucleotides have a portion for sequencing on the Illumina platforms
plus an index (8 bp), which allows the identification of each library. NEB Phusion High-Fidelity DNA
polymerase was used with the following cycling parameters [28]: 3 min of initial denaturation (95 ◦C),
10 cycles of amplification (30 s at 95 ◦C, 30 s at 60 ◦C, 45 s at 72 ◦C), and 2 min of a final extension
(72 ◦C). A1.2× Ampure XP bead purification per PCR was subsequently performed.
Pooling: After adding the indexed primers by PCR, the obtained libraries were pooled based on
concentration (according to Qubit 2.0 fluorometer analysis) and concentrated in a SpeedVac (Eppendorf,
Hamburg, Germany).
Size Selection: A manual size selection was applied (a range between 450 and 550 bp, which
corresponds to DNA fragment size of interest between 310 and 410 bp) in low-melting 1.5% agarose
gel electrophoresis (Bio-Rad Laboratories, Hercules, CA, USA). Finally, the selected fragments were
purified from the gel with QIAquick Gel Extraction kit (Qiagen N.V., Hilden, Germany) [28].
Sequencing: The final libraries were quantified by Qubit 2.0 fluorometer (HS dsDNA kit, Thermo
Fisher Scientific) and their quality was checked on a Fragment Analyzer system (DNA High Sensitivity
kit, Agilent). A PE sequencing run (2 × 151 bp) was performed on MiSeq (Illumina Inc., San Diego, CA,
USA) for both samples (Figure 1).
Supplementary File S1 displays an extended version of P1.Agronomy 2019, 9, x FOR PEER REVIEW 5 of 21 
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2.4. Protocol 2 (P2): Optimized ddRADseq (Scaling Up to 24 Samples)
The Optimized ddRADseq P1 was subsequently scaled up by using the 24-plex P2 (samples 1 to
24, Supplementary Table S1). First at all, P2 was set up in 23 samples and consisted of P1 with some
modifications as follows.
Ligation: 24 variable-length (4 to 9 bp) barcodes designed by Poland et al. [30] were added, in
order to avoid low sequence quality of the first bases due to the restriction site [3,17] (Supplementary
Table S2).
Pooling: Ligations were mixed by equal DNA quantity in a 23-plex pool, then concentrated and
finally cleaned by one 1× Ampure XP bead purification per pool.
PCR: A PCR was performed per pool of libraries (a pair of indexes identifying each pool).
Sequencing: The libraries were sequenced on a very low depth PE (2× 250 bp) run of a MiSeq
instrument (Illumina Inc.).
Finally, the P2 was customized to the definitive protocol (Figure 1). This led to the construction
of new libraries from the gDNA of the same 23 samples plus an additional sample (24-plex),
as detailed below.
Ligation: each reaction was done with 160 U of ligase (NEB Cohesive End Ligation).
Pooling: the ligations were 24-plex pooled, based on the concentration of each digestion quantified
by Picogreen (Sigma-Aldrich) in a FluorStar Optima Fluorometer (BMG Labtech, Ortenberg, Germany).
Size selection: an automatic size selection run was performed in a 2% agarose cassette in the
SAGE ELF (Sage Science, Inc., Beverly, MA, USA) and the fragments of 450 bp on average (between
415 and 485 bp) were collected from one well. Subsequently, an extra step of 0.8× Ampure XP bead
purification was performed to ensure the elimination of the fragments below 300 bp.
Sequencing: as a final step, the pool was sequenced PE (2× 75 bp) on a NextSeq 500 sequencer
(Illumina Inc.).
Supplementary File S3 presents an extended version of P2. Figure S1 of Supplementary Tables
displays a schematic view of the library construction.
2.5. ddRADseq Data Analyses
The sequencing quality of each sample was checked using FastqC [31].
Although many bioinformatics software and R packages (R-3.5.2, R core team, Vienna, Austria)
can handle this kind of reduced representation sequencing data, Stacks [32,33] (v1.48, University of
Oregon, Eugene, OR, USA) is one of the software packages that performs equally well when working
with or without a reference genome. This software was developed mainly for organisms without
reference genomes and high-depth RAD sequencing. Additionally, Stacks is between the pipelines,
with high accuracy for SNPs calling on this kind of data [34,35].
Herein, data obtained using both protocols were analyzed with different components of the
software Stacks v1.48 [32,33], including cleaning raw reads, defining the ddRADseq loci and determining
the SNPs. Samples A and B were used to compare the efficiency between de novo and with reference
analyses for the species, as well as to assess the utility of P1. In the case of P2, on the other hand,
samples 1 to 24 (run on NextSeq 500) were analyzed with reference. Additionally, libraries of the
samples that were sequenced twice (MiSeq and NextSeq) were analyzed (both repetitions together) to
evaluate the performance of the Illumina platforms.
First, by using the process_radtag.pl component, reads were removed if they presented uncalled
bases, low Phred score (lower than 10), absence of enzyme recognition sites, and presence of adapter
sequence. Additionally, A and B samples were trimmed to 145 bp, because of quality drop in the last
bases according to mean average inspection using FastqC [31]. Otherwise, the raw data of samples 1 to
24 were demultiplexed and truncated to 66 bp after removing up to 9 bp of barcode sequences. For
downstream analyses, paired and unpaired clean reads were considered.
Subsequently, the denovo_map.pl pipeline was used to search loci and SNPs de novo (only for
P1), whereas ref_map.pl .pl was selected to assess SNPs after mapping cleaned reads to the E. grandis
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reference genome with Bowtie2 (default parameters) [36]. In all of the analyses, a minimum of three
reads was used to define an allele (or stack) within an individual (-m 3). Particularly for de novo
analysis, three mismatches between alleles were allowed to construct a locus within an individual
(- M 3) and three mismatches were allowed between loci to build the catalog (-n 3).
After running each pipeline, the rxstacks program was applied to filter out putative sequencing
errors of genotype and haplotype calls and, subsequently, the components cstacks and sstacks were
rerun. Thus, the bounded SNP model was applied, and loci with log-likelihoods higher than (minus)
-10 were kept. Furthermore, a proportion of individuals with confounded loci up to 0.05 were admitted,
and excess haplotypes from individual loci were pruned according to their prevalence in the population.
Finally, the pipeline Populations was run with different filter combinations, resulting in three
VCF (variant call format) files for the SNPs and ddRADseq polymorphic loci. For samples A and B,
the basic data matrix (Total markers) was obtained. A second matrix without missing data was built
(Shared markers). For the third matrix, allele data from samples 1 to 24 derived from P2 were filtered
by a minimum allele frequency (MAF) of 0.05, and presentation of a locus by a minimum of 80% of
individuals in order to be considered. Supplementary File S2 presents all the command lines used to
run Stacks (with and without the reference genome).
2.6. SSR Identification
SSRs for samples A and B were identified using the software MIcroSAtellite (Institute of Plant
Genetics and Crop Plant Research, Gatersleben, Germany) identification tool, also known as MISA [37],
as in Qin et al.’s study [38]. The fasta_sample option of the Population module (Stacks v1.48) was
used to obtain the sequences of the two haplotypes of each sample for each locus in FASTA format.
Then, according to the same criterion used by Torales et al. [19], SSRs with a minimum of five repeats
for dinucleotide, four repeats for trinucleotide, and three repeats for tetra, penta and hexanucleotide
motives were searched. The polymorphic SSRs were also analyzed. Supplementary File S2 displays all
the command lines used to run MISA.
2.7. Evaluation of Robustness—Sequencing Platform Comparison
The robustness of the protocol was evaluated by comparing MiSeq and NextSeq data sets from
46 libraries (23 MiSeq and 23 NextSeq). The VCF file was filtered by missing data and MAF lower
than 20% and 0.05 respectively (Populations pipeline of Stacks v1.48). A dissimilarity matrix between
all the samples was calculated directly from the filtered VCF using the R package SNPrelate [39].
The dendrogram was plotted using the R package ggplot2 [40].
3. Results
3.1. Evaluation of Enzymes and Size Selection Range
According to the in silico simulations of genome E. grandis v2.0 digestion, the enzyme pair
SphI-MboI generated 2,499,866 fragments (Figure 2a, grey area), of which 248,275 have both enzyme
cutting site endings (type AB and BA fragments, data not shown). The enzyme pair PstI-MspI produced
almost half (1,090,783) of the fragments of SphI-MboI (Figure 2b, grey area) and 174,771 of these
fragments contain the expected pair of ends (AB+BA).
Table 1 displays the predicted AB+BA fragments generated for both enzyme combinations of
different size selection ranges (270 to 420 bp, in manual size selection; 285 to 415 bp in automated
size selection).
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Table 1. Subpopulations of fragments obtained by in silico simulations of E. grandis genome v2.0.
Enzymes Window
Manual Size Selection Automated Size Selection











Insert Size 70 bp





100 or 70 bp
270–370 (320) 400–500 350–450 (400) 28,107 285–355 (1) 19,184
320–420 (370) 450–550 400–500 (450) 24,508 335–405 (1) 17,317
370–470 (420) 500–600 450–550 19,347 385–455 (1) 12,906
150 bp
220–370 (295) 350–500 300–450 45,655 225–365 (2) ~ manual selection a
270–420 (345) 400–550 350–500 39,122 265–415 (2) ~ manual selection a
PstI-MspI
100 or 70 bp
270–370 (320) 400–500 350–450 13,102 285–355 (1) 9137
320–420 (370) 450–550 400–500 (450) 12,026 335–405 (1) 8359
370–470 (420) 500–600 450–550 10,940 385–455 (1) 7595
150 bp
220–370 (295) 350–500 300–450 20,749 225–365 (2) ~ manual selection a
270–420 (345) 400–550 350–500 18,826 265–415 (2) ~ manual selection a
a The final number of predicted fragments will be almost the same for both manual an automated size selection. This is so because two contiguous elution wells of 70 bp range each are
required to select a fraction of 150 bp using Automated Size Selection in SAGE ELF.
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Figure 2. Histograms of in silico simulations (frequency versus fragment size). (a) In silico digestion
with SphI-MboI. (b) In silico digestion with PstI-MspI. Total fragments obtained in digestion (grey);
subpopulation of fragments obtained by manual size selection (the whole colored area); subpopulation
of fragments obtained by automatic size selection (pink + light blue area); and subpopulation of
AB+BA fragments selected, amplified and sequenced (manual: blue + light blue areas; automatic: light
blue area).
We selected the SphI-MboI enzyme combination for Eucalyptus, because of the larger number
of fragments in the thin window widths (100 and 70 bp). Specifically, we selected an average DNA
fragment population size of 370 bp. This size gave the minimum overlapping between 150 bp PE
reads (P1) in sequenced libraries. For this average fragment size, 24,508 AB+BA fragments fell within
the range of 320 to 420 bp for the manual size selection in P1 (actually, the library fragment size was
450 to 550 bp, including adapters and primers, Figure 2a, blue + light blue areas). On the other hand,
the automatic selection retrieved 17,317 AB+BA fragments in the range between 335 and 405 bp in
P2 (Figure 2a, light blue area). For PE sequencing, this is 24,508 × 2 = 49,036 predicted sequenced
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ddRADseq loci for manual size selection and 17,317 × 2 = 34,634 predicted sequenced ddRADseq loci
for automated size selection (70 bp range, due to the restriction of the equipment).
The enzyme pair PstI-MspI retrieved 12,026 AB+BA DNA fragments between a manual size
selection window of 100 bp (between 320 and 420 bp; Figure 2b, blue + light blue areas), whereas it
gave 8359 between an automatic size selection window of 70 bp (between 335 and 405 bp; Figure 2b,
light blue area). Again, for PE sequencing, this was 12,026 × 2 = 24,052 predicted sequenced ddRADseq
loci for manual size selection and 8359 × 2 = 16,718 predicted sequenced ddRADseq loci for automated
size selection.
Moreover, in vitro digestion analyses showed that the SphI-MboI enzyme combination displays a
more homogeneous pattern (Figure 3a). In accordance with the results from the in silico simulations,
these enzymes gave higher frequencies of lower-sized fragments within the range of selection than
those obtained with the PstI-MspI combination (Figure 3b).
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Other enzymes and size selection combinations yielded a similar number of predicted fragments.
For example, the PstI-MspI enzyme combination with an average fragment size selection of 345 bp
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and a window width of 150 bp retrieved 18,826 predicted fragments. However, our size selection
equipment (SAGE ELF) at a window width of 70 bp retrieved several DNA fragment subpopulations
of different ranges at the same time, and consequently a size selection with a width of 150 bp can only
be done by collecting two elution wells or by manual selection.
3.2. Protocol 1: Analysis in Samples A and B
From the MiSeq sequencing, we obtained 1,984,145 and 2,294,900 PE reads of 151 bp for samples A
and B, respectively. The overall read quality, according to FastqC visualization [31], was high enough
for further analysis. Filtering by quality with the process_radtag.pl allowed us to obtain samples that
retained more than 96% of the reads, with a mean of 2,066,064.5 reads.
The use of Bowtie2 [36] with the default parameters as the aligner allowed us to map approximately
82% of the reads against the E. grandis reference genome. The ref_map.pl pipeline of Stacks identified a
total of 77,885 ddRADseq loci for sample A and 71,395 ddRADseq loci for sample B. These results
showed a mean depth coverage of 24.16× and were used to build a catalogue. Then, a subsequent
filtering by quality (with the rxstacks module) retained 41,834 ddRADseq loci. This result is at the
expected order of magnitude according to in silico simulation (49,016 = 2 loci on 24,508 fragments using
PE sequencing). Within these ddRADseq loci, 9299 were polymorphic (i.e., they had at least one SNP)
and held 19,525 SNPs (a mean of 2.1 SNPs per locus) and 4246 SSRs. Moreover, both samples shared
7346 of these ddRADseq loci with 15,792 SNPs (Table 2). Additionally, sample A and B shared 420 SSRs
with different motifs of repetition and 16 of these SSRs were polymorphic (Table 2, Supplementary
Table S1).
An analysis using the denovo_map.pl routine implemented in Stacks [33] allowed us to obtain a
higher number of ddRADseq loci (approximately the double: 156,013 and 135,501 for sample A and B,
respectively) and polymorphic markers than the with reference analysis. In this case, the definitive
catalog contained 125,432 loci. Within these de novo ddRADseq loci, 18,951 were polymorphic, and
held 33,313 SNPs in all (a mean of 1.8 SNPs per haplotype), as well as 1366 SSRs. Finally, the samples
shared 14,423 loci, 25,778 SNPs and 55 polymorphic SSRs (Table 2; Supplementary Table S3).
Table 2. Comparison of ddRADseq loci and polymorphic markers identified in two samples using with
reference and de novo analyses. Number of SNPs and SSRs markers discovered by with reference and




SNPs loci SSRs SNPs loci SSRs SSRs Polym.
with reference 19,525 9299 4246 15,792 7346 420 16
de novo 33,313 18,951 7717 25,778 14,423 1366 55
Dinucleotides (AG/GA> AT/TA> TC/CT) were the most frequent motifs observed in both cases
(SSRs discovered by with reference (16 SSRs) or de novo (55 SSRs) analysis), followed by tetra and
trinucleotides (approximate 15:5:1 respectively). At least 30 SSRs were polymorphic in a heterozygous
state (20 without reference analysis). According to the with reference analysis, polymorphic SSRs were
distributed in all chromosomes, except for chromosome 3 and 9 (Supplementary Table S3).
3.3. Protocol 2: Analysis in 24 Samples (Scaling-Up)
The demultiplexing of the 24-plex pool sequenced on NextSeq platform retrieved 27,400,302 good
quality PE reads, with a mean of 1,141,679.25 PE reads per sample. This number varied from 404,702
for sample 1 to 2,280,731 for sample 18, with a standard deviation of 440,542.6 and a variant coefficient
(VC) of 0.39 (Figure 4a; Supplementary Table S1). Of these reads, a mean of 82.39% was successfully
mapped against the E. grandis genome. The mean ddRADseq loci number per sample was 68,622.
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This result doubles the expected value according to our in silico prediction (34,634). This loci number
also varied between 31,733 and 110,951 per sample, and six samples showed more than 80,000 loci
(Figure 4). This loci number variation per sample shows a higher correlation with the number of
reads per samples (r2: 0.8742) than with the mean coverage per sample (r2: 0.3654). The overall depth
of coverage was 11.56 × (sd: 2.44, Supplementary Table S1). We identified 138,624 SNPs in 62,487
polymorphic loci. After applying filters of MAF 0.05 and 20% of missing data, we obtained 16,371
SNPs distributed in 9,466 ddRADseq loci, with a mean of 1.73 SNPs per locus. Of these SNPs, 15,950
were located through all the 11 chromosomes of the E. grandis genome (Figure 5), whereas the rest
were located in the scaffolds, and thus were discarded from further analysis.
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3.4. Evaluation of Robustness—Sequencing Platform Comparison
The 23-plex pool of libraries was sequenced using MiSeq (Illumina Inc.) in low coverage (4.49×,
with a range between 3.94 and 5.32×). From the overall number of 138,403 PE reads that were
obtained per sample, 85% mapped successfully against the E. grandis reference genome. Subsequently,
the 46 samples (23 replicates) of both pools sequenced in different platforms (NextSeq and MiSeq) gave
158,996 unfiltered SNPs in 294,212 loci with a mean of 16,807.63 loci per sample. However, after filtering
them by quality with the rxstacks correction module, MAF lower than 0.05, and 20% missing data,
a total of 1051 SNPs in 702 ddRADseq loci were kept. This final SNP matrix was used to construct a
dendrogram (Figure 6). All replicates clustered together, with a dissimilarity coefficient lower than 0.05.
This dissimilarity can be explained by the 20% missing data (mostly in MiSeq data, because of the low
sequencing coverage), the expected error rate of sequencing and the differences between sequencing
technologies. In addition, half-sibs (i.e., family samples 222, 247, 262) had the lowest dissimilarity
coefficients (below 0.17), in accordance with the expected close relationships within families.
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Figure 6. Dendrogram for the combined MiSeq and NextSeq dataset of 23 E. dunnii samples with a
MAF of 0.05 and missing data below 20%. Each of 23 individuals has two sets of ddRADseq SNPs data:
one set sequenced on a MiSeq and another sequenced on a NextSeq 500.
4. Discussion
Restriction-site associated DNA sequencing methodologies are becoming the most popular
strategies in genomic data generation for a variety of applications related to crop and tree species
breeding and genetics [15]. Nevertheless, for the Eucalyptus genus, the use of RADseq-derived methods
is scarce. To date, the easy access to the commercial SNP array (EUChip60K) has led researchers to
use it in the analysis of the genus [41–44], rather than RADseq-derived methods. Some species are
poorly or less frequently represented in this chip than E. grandis (which is represented for its economic
importance), and for this reason, the population allele frequencies and genetic relationships between
individuals can be affected [45–47]. RADseq and GBS-based methodologies have the potential to avoid
this type of bias [30], but the experience in Eucalyptus reported to date is not encouraging. Indeed,
Duran et al. [41] applied GBS on 500 E. globulus individuals and only obtained 2597 polymorphic
SNPs between them. The low number of markers suggests that the protocol should be improved
for this genus in order to get enough whole genome coverage markers to perform population-level
studies, such as genome-wide association mapping and genomic selection, among others. In addition,
there are technical inconveniences associated with GBS and its derived protocols, since these can only
enrich populations of sequenced DNA fragments that are below ~350 bp. Moreover, these protocols
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also result in high levels of missing data (reviewed in [48] and [49]). RADseq, on the other hand,
involves more steps and equipment, as well as higher quantities of initial gDNA, and shows high read
depth variation.
This study describes the optimization of a ddRADseq derived protocol for E. dunnii genotyping.
Unlike these last methods, ddRADseq uses two enzymes and reduces the subset of sampled fragments,
which allows higher reproducibility, greater loci coverage, larger fragment sizes and more effective
SNPs [9,49]. Although allele dropout increases in comparison with RADseq [5], all the mentioned
characteristics make ddRADseq genotyping a putatively more appropriate strategy.
With this in mind, we developed a modified protocol for achieving an optimized low-cost
ddRADseq (P1) for plant species. This protocol was set up with a small sample (only two individuals),
and thereafter was scaled up to perform on larger population analyses (P2).
Like in Peterson et al.’s protocol [16], the ligation step in P1 involves universal adapters, and
PCR is performed before pooling the samples. Thus, the size selection turns out to be the last step
of the protocol. The development of the P1 involved the analysis of different enzyme combinations
and three concentrations and proportions of the adapters. Additionally, instead of the 6 bp-length
Index Illumina primers, we used 16 forward primers and 96 reverse primers with an 8 bp-length index,
which were designed by Lange et al. [29]. This change allowed higher multiplexing of samples, not
only for library construction, but also for sequencing (up to 1536 samples). Moreover, we changed
automatic size selection for manual size selection by agarose gel. All these modifications allowed P1
to be easily applicable on a very low number of E. dunnii samples and with minimal cost. Thus, this
strategy may be extrapolated to other plant species, becoming an attractive tool for low-budget labs.
Despite its potential utility for setting up a ddRADseq protocol in any plant species, P1 involved
the management of each sample independently until almost the end of the protocol, precluding its
use with a large number of samples. In this regard, we propose P2 as a scale-up of P1. The addition
of 24 adapters with barcodes in the ligation step allowed the pooling of samples and the application
of size selection before PCR, as reported in ddRADseq [9]. Moreover, the use of different barcode
lengths (4 to 9 bp, Poland et al. [27]) allowed us to avoid sequencing phasing error at the beginning of
reads, as reported in GBS and MiddRADseq [3,17], but not considered in the original ddRADseq [9].
For this scaled-up P2, we also proposed the use of automatic size selection, which would decrease
the possibility of cross-contamination and increase the precision and consistency when applying the
protocol for more than one pool of samples [5], as reported in the original ddRADseq [9].
The first and maybe most critical step in every RADseq method is obtaining good quality, quantity
and integrity of DNA material. Even ddRADseq has this high quality gDNA requirement [49]. Thus,
gDNA extraction has to be done with a method that ensures gDNA integrity, and this integrity must
be checked (e.g., by using a Nanodrop®-type spectrophotometer). gDNA needs to be quantified
through a sensitive method such as Qubit® (Thermofisher). For instance, if gDNA is degraded, or if
the quantity is insufficient, the results may retrieve higher VC between the read numbers obtained
for each sample. With the CTAB DNA extraction protocol, we were able to reach the required gDNA
integrity and quantity (See Supplementary File S1) [50]. However, high concentrations of good quality
gDNA are not always easy to achieve in all species. In this regard, the initial amount of gDNA needed
for the protocol is something to be considered. Whereas some ddRADseq-derived protocols rely on a
high amount of starting material (e.g., 1000 ng [51]), our protocol requires minimal quantities (only
150 ng). The VC obtained for our samples (0.39) is lower, but at the same order of magnitude, than the
ones reported for other ddRADseq approaches (e.g., 0.42, [28], 0.47, [51]). Moreover, the obtained VC is
clearly influenced by the E. dunnii-1.202.SD sample, which has the lowest number of sequenced reads,
and thus the lowest amount of genotyped markers.
Regarding the criteria for enzyme selection, some authors have proposed selecting enzymes for
a specific species based only on in silico prediction, whereas others have suggested using universal
enzymes (e.g., after doing an in silico evaluation of many enzymes). For example, Yang et al. [17]
reported the use of the single universal pair AvaII-MspI for all angiosperms, which include Eucalyptus.
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Based on our results, the evaluation of enzyme combinations (one frequent and one rare cutter)
through both in silico and in vitro methods is an essential step in optimizing ddRADseq in new species
(e.g., [52]). Owing to the absence of a reference genome for E. dunnii, we used the reference genome of
a species of the same genus (E. grandis) for in silico prediction instead. Nevertheless, if the species
under study lacks a reference genome (or a species that may be taken as reference because of its close
proximity), the in silico prediction can also be done based on other information such as GC content
and genome size [27].
In this study, the combination SphI-MboI showed a homogeneous digestion profile with a high
number of fragments in the size selection range evaluated by both in silico and in vitro digestions,
in comparison with PstI-MspI. Therefore, we selected SphI-MboI for the subsequent steps.
Another critical step to be adjusted is the size selection range window. First, according to previous
studies (i.e., [28,51]), if the size selection for a RADseq-derived protocol is done in gel, and with a
100 bp ladder, the use of multiple ranges of 50 bp or 100 bp is advisable in order to minimize hand
excision errors. That is why we evaluated (in silico) windows of 100 bp or 150 bp in a range between
220 and 470 bp for insert DNA fragments of interest within a range of 350 to 600 bp, when manual size
selection was performed in P1. This inconvenience does not occur when using automatic size selection
equipment. However, the amplitude of the range is delimited by the capacity of the equipment
used in this study (i.e., in Sage ELF 2%, the range of each size selected correctly is around 70 bp,
sagescience.com). This last window size is comparable to the “wide” size selection (72 bp) applied in
the original ddRADseq protocol [9].
On the other hand, final library fragment sizes should not be too small (i.e., <200 bp) to avoid
overlapping of the PE sequences, which should result in SNPs overestimation when doing de novo
and with reference analyses. This is because Stacks v1.48 considers PE reads as independent loci
(i.e., the software does not perform contig assembly in overlapping reads, [32]). Neither should the
fragments be too long (i.e., >800 bp), because long fragments retrieve lower base quality in Illumina PE
sequencing [53].
In comparison with MiddRADseq [17], we also used in silico prediction to evaluate the size
selection. However, while those researchers used a window size of 300 bp (400–700 bp), we selected
a narrower window of 70 or 100 bp (in the range of 320–420 bp in the manual selection and a mean
of 370 bp for the automated selection). In a recent publication, Kess et al. [51] reported the use of a
300-bp window size. The use of thinner ranges avoids potential PCR amplification bias that would
increase when using fragments with different lengths, while declining data quantity and quality [54,55].
Moreover, fewer reads per sample are needed to reach an optimal mean coverage per locus.
In terms of the number of ddRADseq loci generated with P1, we obtained 50% more loci per
sample than the predicted loci (74,640 mean loci obtained per sample and 49,016 expected loci).
Moreover, after filtering the catalog by rxstacks, we obtained a better correlation, with only 15% fewer
loci than the predicted loci (41,834 ddRADseq loci). On the other hand, by using P2, we obtained a
mean of 68,622.38 ddRADseq loci per sample. This result doubles the expected in silico prediction
(34,634.00). According to Scaglione et al. [28], this phenomenon may be due to the stochastic possibility
of each individual to yield loci that are out of the target [32]. In fact, ddRADseq loci present variability
between samples, showing a higher correlation with the number of reads per samples (r2: 0.8742) than
with the mean coverage per sample (r2: 0.3654). Moreover, the differences in genome sizes between the
species and in the genome structures should also be considered. Indeed, only around 82% of the reads
of E. dunnii were successfully mapped against the E. grandis reference genome.
With regard to the size selection methodology, we used both manual and automatic size selection.
For P1, we applied the manual excision in agarose electrophoresis gels to reach a low-cost methodology,
as in Scaglione et al. [28] and MiddRADseq [17], whereas for P2 we used the SAGE ELF device. In most
publications, researchers use Pippin-prep as the automatic method of choice (e.g., [9]). However, we
used SAGE ELF. We selected this method because it is easier to set up and gives tighter and higher
DNA recovery in comparison with BluePippin [56]. As expected, the implementation of the manual
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size section (P1) method compared to the automatic one (P2) showed that the automatic method
resulted in few recovered loci (74,640 vs. 68,622 loci). The lower number of loci is due to the restricted
size range used in P2.
Another critical point for the set-up is the optimal concentration of adapters. In this work,
we tested different concentrations (data not shown), and finally chose similar concentrations to
those reported in Scaglione et al. [28]. Some protocols assess different adapter concentrations by
titration [3,9]. Nevertheless, this procedure is not required for species with genomes below 20 Gb,
such as Eucalyptus [17]. An excess of adapters can be used for proper ligation with DNA fragments,
as in our protocols. Moreover, we used a Y-adapter form for the common restriction site. This generates
ddRADseq libraries where Adapter 1 and Adapter 2 are on opposite ends of every amplified fragment.
This type of library construction can reduce complexity [9,16,17,30]. Our P1 only requires a pair of
adapters per set of enzymes, thus avoiding a substantial investment of funds at the beginning of
the assay.
The P2 includes adapters with barcodes, as in the original ddRADseq and MiddRADseq
protocols [9,17]. This addition simplifies downstream steps. For instance, many samples can be pooled
in the same library, thus reducing the number of simultaneous reactions to just one. In addition,
we specifically used 24 barcodes of different length designed for two-enzyme GBS protocol [30],
as proposed in the original GBS protocol [3], and as performed in MiddRADseq [17], but not in the
original ddRADseq [9]. The use of barcodes with different length avoids phasing error (low sequence
quality). This error occurs when all the bases at the beginning of reads are the same in all clusters
(Illumina sequencing) because of the restriction site. In P1, we solved this problem by using at least 5%
of PhiX, as described in Peterson et al.’s protocol [16], or by mixing the ddRADseq libraries in the same
sequencing run with other types of libraries with greater nucleotide variability in the first bases.
In the PCR step, an extra level of multiplexing can be achieved by using forward and reverse
indexes that allow the inclusion of more libraries in the same sequencing lane. This is one of the main
singularities of our protocols. In both protocols, we used the dual indexes developed by Lange et al. [29]
within the PCR primers forward (16) and reverse (96). These combinatorial indexes allowed us to
multiplex almost 1536 samples/libraries in the same lane. In this sense, our protocols are not limited
by the number of Illumina Indexes, as in other ddRADseq methods [9,16,17]. Lower throughput
sequencers (e.g., MiSeq, Illumina Inc.) may not support pooling such large numbers of libraries.
By contrast, the use of higher throughput sequencers usually requires the capability of multiplexing
to reduce budgets. With P2, we would be able to multiplex up to 36,864 samples (24 barcodes ×
1536 primers). For example, we would be able to run them in low depth on a NovaSeq sequencer,
which gives a maximum number of reads of 20 billion (for a dual S4 flow cell run on the NovaSeq 6000
System, Illumina Inc.).
Due to the absence of a reference genome for E. dunnii, we decided to work with Stacks [32] on both
strategies, de novo and with reference analyses (called ref_map.pl and denovo_map.pl, respectively,
in the software), to compare the obtained results in P1. Thus, we were able to apply both analyses to
identify SNPs and SSRs with high accuracy after applying stringent bioinformatics settings and quality
filters (Supplementary File S2). As expected, the de novo analysis retrieved more ddRADseq loci and
markers, as all the reads were considered for marker identification, than with reference analysis, which
only considered the reads that mapped against the reference genome (82% of the reads).
Both protocols achieved an optimal coverage (10–20× [5]), and consequently these can be efficiently
used for a confident de novo loci calling. However, this strategy requires more stringent criteria
and parameters when defining the loci, because of the larger number of false positives obtained
using this method [57]. Thus, for further evaluation, we worked with the SNPs called using the
E. grandis reference. Using the information of samples A and B generated with P1, we identified
7346 SNPs shared between the two samples. When applying P2 on 24 E. dunnii individuals, and after
discarding the markers with high percentage of missing data, we identified and physically mapped
15,950 SNPs. These markers showed homogeneous distribution in the chromosomes. Even though
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a higher number of SNPs (138,624) was identified using P2 data. Based on our previous experience
with imputation strategies for ddRADseq data [58], we applied a 20% missing data cut-off before
performing further analysis.
We identified a mean of 1.95 SNPs within 145 bp between individuals A and B of E. dunnii
with P1 (1 SNP each 74 bp) and 1.73 SNPs within 66 bp through 24 individuals with P2 (1 SNP
each 38 bp). The difference between P1 and P2 also relies on the different number of samples tested
between protocols (two individuals vs. 24, respectively). This causes P2 to yield higher polymorphism
frequencies (or SNPs locus density). Even though there is no reported information for E. dunnii,
these frequencies are in the same range than those observed for other species from the Eucalyptus
genus. Indeed, Hendre et al. [59] reported 1 SNP per 65 pb in introns and per 108 pb in exons in
E. camaldulensis, whereas Külheim et al. [60] detected 1 SNP in every 33 bp, 31 bp, 16 bp and 17 bp for
E. nitens, E. globulus, E. camaldulensis and E. loxophleba, respectively.
The cross-platform compatibility of the obtained SNPs and the robustness in the ddRADseq
derived SNPs calling are critical, but these issues have been studied less. Only one report [61] describes
the assessment of the performance of Hiseq and NextSeq for ddRADseq-derived identification of
SNPs in the butterfly genus. In our study, we sequenced the same 23 samples with both MiSeq and
NextSeq sequencing platforms. As expected, the 23-sample NextSeq library (P2) recovered more loci
than the 23-sample MiSeq library, with an overall higher mean read depth per locus and less missing
data. This is attributed to the lower sequenced depth used in MiSeq data vs. NextSeq (4.49× vs. 11.56×,
respectively). Both sequencing platforms achieve a high quality of data, according to FastqC report.
More than 96% of the generated reads passed the Stacks quality filters and were kept for subsequent
analysis. The low dissimilarity coefficient values between replicates (0.05) confirmed high reliability,
despite the differences between the libraries’ constructions and sequencing platforms.
P1 may be used in the first steps when applying a GBS/ddRADseq methodology in a laboratory.
Its low cost relies mainly on the use of universal adapters for each enzyme, such as those used by
Peterson et al. [16], the use of primers with 1536 combinatorial dual-index and the performing of a final
size selection by agarose gel electrophoresis. Moreover, depending on the research focus, the generated
sequences for a small number of samples (at least two) could be enough to obtain new marker
information. It is interesting to notice that, whereas the cost per SNP genotyped in an array or an NGS
derived technique falls when the number of interrogated SNPs rises, not all genomic studies relies on
genotyping of a high number of markers. Because of the cost balance, many population studies, mainly
related to conservation and evolution, give priority to raising the number of individuals sampled,
rather than to adding more markers. A good example of this is the use of sequences for species-specific
SSR identification, and even more so, for polymorphic SSRs and the heterozygous state of an individual.
RADseq methods involve NGS, and the reads can consequently be used to design primers. These SSRs
could then be used for population fingerprinting by using another genotyping strategy like fluorescent
capillary electrophoresis. By using with reference genome analysis, we successfully identified SSRs
(420 putative SSRs and 16 polymorphic in almost all chromosomes) using MISA [37] based on P1 data
(sample A and B). A more comprehensive analysis of SSR identification using ddRADseq data can be
found in a previous publication [38].
In summary, after setting an initial protocol P1 for the species of interest, P2 can be used for
scaling up. The incorporation of adapters with custom-designed barcodes compatible with the enzyme
restriction sites can make the method faster. This incorporation allowed us to pool 24 samples in the
same library. This early barcoding simplified the following steps in the protocol. As with the original
ddRADseq protocol, the approach described here can be used with a range of different restriction
enzymes to produce a higher or lower complexity reduction of the genome being assayed.
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5. Conclusions
The combined or individual use of our two protocols (P1 for setting up in a low number of
samples and P2 for scaling up the number of samples) presented here show the pros of similar reported
protocols but diminishes the drawbacks. Furthermore, the advantages of RADseq-derived methods,
such as de novo marker discovery and removal of ascertainment bias in new germplasm, may make
the ddRADseq technology one of the most promising genotyping approaches in the future.
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_lines_Aguirre_et_al_2019.docx: Command lines for performing in silico digestion of the reference genome and
for ddRADseq data analysis. Supplementary_File_S3_Protocol2_Aguirre_et_al_2019.docx: Protocol 2: Optimized
ddRADseq (scaling up to a higher number of samples). Supplementary_Tables_Aguirre_et_al_2019.xlsx: Table S1.
General information of the two Eucalyptus dunnii individuals used in Protocol 1 and the 24 E. dunnii individuals
used in Protocol 2. ddRADsequencing results (number of generated reads, % of reads mapping against the
E. grandis reference genome), mean coverage per sample. Results of the analysis achieved using Stacks (Catchen
et al. 2013). Table S2. List and sequences of the universal adapters, barcoded adapters and sequencing primers
used in the optimized ddRADseq Protocols 1 and 2. Table S3. Polymorphic SSR identified in two E. dunnii
ddRADseq data, considering with and without reference genome analysis. Figure S1. Schematic representation of
the Final Library construction for both Protocol 1 and 2.
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